ABSTRACT In this paper, we propose retinex-based perceptual contrast enhancement in images using luminance adaptation. Strong illumination causes the loss of local details in an image. We adopt luminance adaptation and multi-scale retinex (MSR) to successfully remove the illumination effect in an image while enhancing details. First, we estimate the illumination component in an image by adaptive smoothing and get luminance just-noticeable difference (JND) from it using luminance adaptation. Then, we calculate an illumination weakening factor from luminance JND and conduct MSR based on it to enhance details. Finally, we perform contrast enhancement using adaptive gamma correction with weighted distribution. Experimental results demonstrate that the proposed method successfully enhances details in an image while preventing over and under enhancement as well as outperforms state of the arts in terms of various quantitative measurements.
I. INTRODUCTION
Image enhancement is one of the most fundamental problems in image processing, which improves the visual quality of images with a low dynamic range. Image enhancement has been widely used in many applications such as video surveillance, remote sensing, medical diagnosis, imaging devices, and vision-based autonomous driving. In low light condition, the captured images have a narrow dynamic range with a dark tone, detail loss and serious noise. It is hard to distinguish details especially in dark regions, which has an adverse effect on many vision tasks such as object detection, recognition, and video tracking.
To address this problem, a number of image enhancement methods have been proposed so far. In general, image enhancement techniques are classified into two major categories according to the processing domain: spatial domain and transform domain. Spatial domain methods enhance an image by directly processing the pixel values, while transform domain techniques transform an image into a specific domain to enhance it. The most common image enhancement approaches are histogram equalization (HE) and its variants. Histogram-based methods [2] - [10] extend the dynamic range of an image and improve its contrast by adjusting its histogram. Huang et al. [11] proposed an efficient adaptive contrast enhancement method, named adaptive gamma correction with weighted distribution (AGCWD). They achieved contrast enhancement by performing adaptive gamma correction and modifying the histogram of pixels in luminance. AGCWD was designed for global contrast enhancement that successfully preserved an image tone with low computational complexity. Recently, deep learning based methods have been proposed for image enhancement [12] , [13] . Lore et al. [12] proposed a deep autoencoder-based method to adaptively enhance images while reducing noise by learning signal features from low light images. Based on the retinex theory, Park et al. [13] proposed a dual autoencoder framework to perform low light image enhancement and denoising.
Retinex theory is another important technique for image enhancement which was firstly proposed by Land [14] based on the human visual perception. Retinex theory decomposes an image into reflectance and illumination components by a Gaussian smoothing function. In the past few decades, retinex theory has been extensively studied and many retinex-based algorithms have been proposed for image enhancement [15] - [24] . The basic idea of the retinex-based methods is to remove the illumination component and obtain the reflectance component for image enhancement. According to the approaches to estimating the illumination component, retinex-based image enhancement methods are divided into random path retinex [25] , McCann's retinex [19] and center/surround retinex [18] . McCann's retinex methods [19] , [26] , [27] are based on multiple iteration strategy. The value of a single pixel depends on the result of a specific path, and is close to the ideal value through several iterations. The representative methods based on the center/surround retinex include single-scale retinex (SSR) [17] , multi-scale retinex (MSR) [16] and multi-scale retinex with color restoration (MSRCR) [15] . Retinex theory removes illumination from the original image and produces the reflectance image for image enhancement. Retinex-based approaches use the characteristics of dynamic range compression and color constancy, which are good for detail enhancement. However, they would excessively increase noise in dark areas.
Inspired by the previous work, we propose retinex-based perceptual contrast enhancement in images using luminance adaptation in this paper. Strong illumination causes severe detail loss in images, especially captured in low light condition. We adopt luminance adaptation to estimate the sensitivity of the human eye to luminance and perceptually remove the illumination effect based on it. We combine MSR and AGCWD to take the advantages of both retinex and global image contrast enhancement. Fig. 1 illustrates the entire framework of the proposed method. First, we convert the input image into HSV color space and get the illumination layer using adaptive Gaussian filtering on the luminance channel V . Then, we remove the illumination effect in MSR framework based on luminance adaptation. We get an illumination weakening factor β based on luminance JND to adjust the illumination effect. Since the human eye is not sensitivity to dark regions, we remove less illumination effect in dark regions and more illumination effect in bright regions. Next, we perform AGCWD on the illumination-weakened image to achieve contrast enhancement. Finally, we perform color space conversion from HSV to RGB.
The main contributions of this paper are as follows:
• We adopt luminance adaptation and multi-scale retinex to perceptually remove the illumination effect in an image while enhancing details.
• We combine MSR and AGCWD into contrast enhancement to take advantages of retinex and global contrast enhancement. The remainder of this paper is organized as follows. Section II briefly describes the related work. Section III presents the proposed method in detail. Section IV shows the experimental results, and we conclude this paper in Section V.
II. RELATED WORK A. HVS MODELS
Since the human eye is the ultimate receiver of visual signals, HVS models are significant for image and video processing. Although HVS mechanisms are not fully understood currently, many important characteristics of HVS have been used to improve visual signal processing. Weber's Law [28] demonstrates that HVS is sensitive to subtle changes in brightness and the static brightness detection is closely related to the background brightness, called contrast sensitivity. A number of HVS models have been proposed in the past years to describe HVS response. A popular used model is Barten's contrast sensitivity function (CSF) proposed by Barten [29] . The Barten's CSF represents the relationship between the human perception and the actual luminance based on physics and optics. Jayant [30] proposed a just noticeable difference (JND) model to represent the minimum contrast threshold that human eyes can perceive. The JND model plays an important role in many fields such as perceptual image/video compression and image quality measurement. The detection threshold of HVS is usually modeled in psychophysics with either a threshold versus intensity function or a complex CSF. During the past decades, a number of JND models have been proposed to estimate the JND threshold by using factors including CSF, luminance adaption, and contrast masking [31] . Luminance adaptation is an important factor which determines the JND threshold [32] . Since the human eye is more sensitive to bright regions than dark regions, the visibility threshold is related to the average luminance. In this work, we use the luminance JND model as a local adaptation for perceptual contrast enhancement.
B. RETINEX THEORY FOR IMAGE ENHANCEMENT
The basic assumption of retinex theory is that the observed image S is a pixel-wise product of a reflectance component R and an illumination component L, which can be formulated as follows:
According to retinex theory, the reflection of the object remains constant and its color comes from the reflection of the illumination on the object. The basic idea of the retinex-based image enhancement is to remove the illumination component L and obtain the reflectance component R, so as to achieve image enhancement. The single-scale retinex (SSR) can be formulated as follows:
where i represents the color channels R, G, and B. The illumination component L(x, y) is estimated by applying a surround function F(x, y) as:
where * denotes a convolution operator. F(x, y) is formulated by a Gaussian filter as follows:
where K is a factor to constrain that
The standard deviation σ in (4) is a scale parameter that controls the trade-off between color fidelity and dynamic range compression. A larger σ results in an output image with better color fidelity but lower dynamic range. On the contrary, a smaller σ leads to an enhanced dynamic range while more color distortion. To achieve a balance among different scales, the multi-scale retinex (MSR) algorithm has been proposed by performing a combination of multiple SSR outputs. The MSR algorithm can be formulated as follows:
where N is the number of scales and W n are a weighting factor for a scale n. We use three scales of large, medium, and small for images and get F n (x, y) as follows:
MSR achieves a balance among different scales, but causes color distortion because of using different scales. To further improve the color performance of MSR, Jobson et al. [15] proposed multi-scale retinex with color restoration (MSRCR) by adding a color recovery function as follows:
where c i (x, y) is the color restoration function of R,G, and B color channels.
C. ADAPTIVE GAMMA CORRECTION WITH WEIGHTING DISTRIBUTION
Global contrast enhancement improves contrast and brightness by using global transformations or mappings. Some common methods include linear transformation, logarithmic transformation, and gamma correction. Adaptive gamma correction with weighting distribution (AGCWD) [11] is an efficient contrast enhancement method that combines gamma correction with an adaptive gamma based on weighting histogram distribution. The gamma correction function is expressed as follows:
where l is the image intensity and l max is the maximum intensity of the image, T (l) is the transformed intensity image after performing this function, and γ is a parameter to adjust the transformation curve. In AGCWD, γ is modified as an adaptive parameter based on the probability density function (PDF) of intensity histogram. The proposed adaptive gamma correction (AGC) is formulated as follows.
where cdf is the cumulative distribution function. A weighting distribution function is used to enhance the intensity histogram as follows:
where pdf (l) is the PDF of the intensity histogram and α is a parameter for adjustment. Then, cdf in (10) is calculated based on pdf w .
D. MOTIVATION
Global contrast enhancement usually takes the advantage of simplicity and efficiency for contrast enhancement, which achieves contrast/brightness enhancement by a global mapping. However, they do not consider the local information, which lead to unnatural results in some local areas. The input image is a nighttime scene with a dark tone. As shown in the mapping curves in Fig. 2 , the high brightness range is compressed by AGCWD. When the parameter α becomes bigger, the contrast enhancement effect is more obvious but the bright range is compressed more. As a result, AGCWD achieves over-enhancement in bright regions. On the other hand, AGCWD usually presents under-enhancement in extremely dark regions as shown in Fig. 2 . Retinex algorithms remove the illumination component from the original image so that the enhancement can be achieved in all intensity ranges. Fig. 3 shows image enhancement results by MSRCR and AGCWD. It can be seen that MSRCR achieves better detail enhancement than AGCWD. However, the enhanced result by MSRCR shows unnatural color saturation and excessive contrast enhancement, especially in dark regions, where color distortion and noise appear. Considering the advantages of retinex and global contrast enhancement, it is promising to combine MSR and AGCWD for contrast enhancement. Figs. 2 and 3 show that AGCWD produces under-enhancement in dark regions and over-enhancement in bright regions due to an improper dynamic range allocation. Based on these observations, we adopt MSR to remove more illumination in bright regions and less illumination in dark regions. Then, we perform AGCWD to achieve contrast enhancement while preserving the image tone. Moreover, MSR achieves detail enhancement in dark regions by removing the illumination effect, but it also enhances noise in these regions. If we remove less illumination in dark regions and then perform AGCWD, the noise problem would be handled and we could achieve better enhancement results. Therefore, we propose illumination weakening MSR to adaptively remove the illumination effect from the original image instead of completely removing it. To consider human visual perception, we provide an illumination weakening factor based on JND to adaptively control the illumination removal degree in MSR.
III. PROPOSED METHOD
We combine MSR and AGCWD for image enhancement. First, we perform illumination weakening MSR to adaptively remove the illumination while preserving details. Then, we conduct AGCWD to enhance the image contrast.
A. ILLUMINATION WEAKENING MSR
MSR achieves good detail enhancement in dark regions, but also enhances noise in them. To overcome this problem, we introduce an illumination weakening factor in MSR to adjust the illumination removal degree, named illumination weakening MSR. We process only V channel in HSV color space and thus do not need any color adjustment. The proposed illumination weakening MSR is formulated as follows:
where V is the input intensity image in HSV color space and β is the weakening factor. r is the result intensity image after illumination weakening. We use illumination weakening MSR to adaptively remove the illumination component instead of enhancing image. Thus, we obtain the illumination weakened image V w for AGCWD as follows:
where R min and R max are the minimum and maximum values in R(x, y), respectively. 4 illustrates the results by illumination weakening MSR with different βs. We can see that the smaller the β, the less illumination is removed and the output image is more similar to the original one. The bigger the β, the more illumination removal is performed and the more detail presents. It is the traditional MSR algorithm when β is 1. Because the illumination of dark images varies in different areas, if the control factor β is adapted to local image content, the illumination can be adaptively removed in different areas, thus producing better results. In dark regions, a small β is used to make the MSR result similar to the original image. In bright regions, a big β is performed so that the illumination would be weakened more. Therefore, we set β adaptively according to local image content.
B. JND-BASED ILLUMINATION WEAKENING FACTOR
Luminance adaption is an important factor to determine JND threshold in HVS. HVS is more sensitive to bright regions than dark regions, and the visibility threshold is closely related to the average luminance. In this paper, we adopt the luminance JND model for local adaptation. The relationship between the luminance JND threshold and the background luminance is obtained as follows [33] :
where T l is the visibility threshold, I (x, y) is the local average background luminance of input image. We use the smoothed image by surround function as background luminance for T l (x, y) calculation.
The visibility threshold of luminance JND model for local adaptation is shown as Fig. 5(a) . Fig. 4 demonstrates that a bigger β results in more image detail after illumination removal. To obtain the best perceptual quality of enhanced image, conceptually, β should be negatively correlated with JND threshold. That is to say, for the region human perception is more sensitive to, a bigger β should be used to obtain more detail. For the region human perception is less sensitive to, a small β is used to prevent over-enhancement. Based on the luminance JND model, we propose a liner function for weakening factor β as follows.
where k is a parameter to control the maximum value. The relationship between β and the background luminance is shown as Fig. 5(b) . In this way, we introduce the luminance JND model to MSR for adaptively illumination removal. For bright regions, a large β is generated to remove much illumination so that over-enhancement in these regions can be prevented after performing AGCWD. Conversely, a small β is obtained to reduce illumination removal for dark regions, thus the over-enhancement caused by MSR can be improved. After adaptively removing the illumination by the proposed illumination weakening MSR, we perform AGCWD on the illumination-weakened image for contrast enhancement. The proposed algorithm is described in Algorithm 1.
Algorithm 1 Retinex-Based Perceptual Contrast Enhancement Using Luminance Adaptation
Require: RGB image I , scales σ n for adaptive Gaussian filters. Ensure: Enhanced image I out 1: Color space conversion:
for each pixel do 4: Calculate JND threshold: T l ← L.
5:
Calculate illumination weakening factor: β ← T l . 6: end for 7: for each pixel do 8: Calculate MSR:
Calculate R max and R min 10: 
C. OPTIMIZATION
In Algorithm 1, the maximum value R max and minimum value R min are needed to obtain illumination-weakened image V w . Each pixel (x, y) corresponds to a parameter β(x, y), thus the calculation of the (12) is needed at each pixel to obtain the maximum value R max and minimum value R min for image normalization. Because every pixel has to go through the calculation of MSR, the complexity of the proposed algorithm is relatively high. Therefore, we put forward a optimization processing to reduce the time complexity. Instead of calculating the R(x, y) of the whole image, we directly calculate and map the relationships between β and R min , β and R max to simplify the calculation.
IV. EXPERIMENTAL RESULTS
In this section, we evaluate the performance of the proposed method in both subjective and objective aspects. We collected 20 dark images for experiments that covers various low light conditions. Fig. 6 shows these test images, including some test images used in [34] , some public images, and two images captured by ourselves. All experiments are conducted using Matlab on a PC with 3.60GHz CPU and 4GB RAM. In our experiments settings, three scales are used in MSR and the values of σ are 15, 80, and 250 for small, medium, and large scales, respectively. We set w n in (12) to 1/3, α in (11) to 1 and k in (17) to 1.
A. VISUAL COMPARISONS
To verify the superiority of the proposed method, we compare the visual results of the proposed method with four efficient VOLUME 6, 2018 image enhancement methods: MSRCR, contrast-limited adaptive histogram equalization (CLAHE) [35] , AGCWD, and low light image enhancement via illumination map estimation (LIME) [36] . Figs. 7 ∼ 14 show some of the experimental results produced by different methods. As can be seen from the results, CLAHE achieves good contrast and detail enhancement, but it brings color distortion in the enhanced images (see the clouds in Figs. 7(b), 10(b), 11(b), 13(b) ). From the results produced by MSRCR we can see that MSRCR performs good detail enhancement while over-enhancement appears in most areas. In addition, it introduces a lot of noise, and the color of the images looks unnatural as if they had been washed (see Figs. 8(c), 10(c), 12(c), 14(c) ). For the method LIME, it can be easily observed that LIME produces obvious under-enhancement in dark regions and over-enhancement As can be observed, the results obtained by LIME present high color saturation and thus look unnatural. As a global contrast enhancement method, AGCWD performs image enhancement effectively and efficiently. However, as mentioned in the previous sections, AGCWD produces under-enhancement in dark regions and over-enhancement in bright regions (see Figs. 7(e), 8(e), 11(e), 12(e), 14(e)). The details and textures of the ver bright and dark regions cannot be well observed.
Comparatively, the proposed method successfully prevents over-enhancement in bright regions, improves under-enhancement in dark regions, and presents more details and textures (see Figs. 7(f) ∼ 14(f)), which show that the proposed method is effective to deal with images of night scenes with very bright regions. That is because the proposed method takes into account the luminance JND model and gains the benefits of MSR and AGCWD for producing perception-friendly enhanced images.
B. QUANTITATIVE MEASUREMENTS
We also perform objective measurements to evaluate the performance of the proposed method. It is the fact that objective quality assessments of image enhancement is not an easy task as the performance in terms of different metrics varies greatly. We adopt four metrics for image enhancement quality assessment: discrete entropy (DE) [37] , feature similarity (FSIM) [38] , color quality enhancement (CQE) [39] , and local-tuned-global (LTG) [40] . 1) DE estimates image details according probability histogram distribution. The enhanced image with high contrast or uniform histogram VOLUME 6, 2018 distribution causes a high entropy value. 2) FSIM measures the overall feature similarity between the two images. 3) LTG evaluate image quality by measuring the visual saliency from local distortions and global quality degradation. 4) CQE is a no-reference image metric that takes into account the overall performance of colorfulness, sharpness, and contrast.
We perform evaluation on 20 test images for each method and the overall performance in terms of these four metrics is illustrated in Fig. 15 . For all four metrics, a larger result value indicates a higher image quality. Fig. 15 shows that the proposed method achieves the highest DE performance compared with other methods, which indicates that the proposed method is very effective for image details enhancement to a certain extent. In terms of FSIM and LTG, CLAHE and AGCWD achieve higher performance than the proposed method. It should be noted that both CLAHE and AGCWD use histogram equalization as global methods that preserves better structure information from the original image. For the proposed method, we utilizes local background luminance for illumination removal, which would reduce the image similarity. In terms of CQE, the proposed method produces higher results than CLAHE and AGCWD, but lower than MSRCR and LIME. From the quantitative measurements, it is hard to determine a certain method that achieves the best performance. However, it is worth noting that the proposed method generally achieves good performance for every metric, which indicates that the proposed method performs high quality contrast enhancement. 
V. CONCLUSIONS
In this paper, we have proposed a perceptual approach to image contrast enhancement. The proposed method is based on retinex theory that handles the illumination component in an image based luminance adaptation and enhance details. First, we have performed illumination weakening MSR to adaptively remove illumination in an image. Based on the sensitivity of HVS to luminance, we have obtained an illumination weakening factor based on luminance adaptation to adjust illumination removal degree. Then, we combine AGCWD and MSR for image enhancement, which successfully improves their weaknesses and takes advantage of retinex and global contrast enhancement. The experimental results demonstrate the superiority of the proposed method in terms of various qualitative measurements.
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